Abstract
between neighboring cytosine sites, sequencing depth that takes into account sampling variability 89 that occurs during sequencing, and biological variation among replicates of treatment groups [23, 90 27, 33, 34] . Most of the DMR identification tools described above do not consider either all or 91 some of the characteristics required for accurate prediction of DMRs.
92
To overcome these limitations we have developed HOME, a novel DMR finder that takes 93 into account important characteristics such as cytosine spatial correlation, sequencing depth, and 94 biological variation between replicates for predicting accurate DMRs for both single and 95 multiple replicate treatment groups. HOME utilizes high quality orthogonal datasets such as 96 differential ATAC-seq peaks or differentially expressed genes that are available for samples, for 97 which accompanying DNA methylome data is utilized to generate the training data. Moreover, 98 5 HOME is computationally very efficient for predicting DMRs in the CH context, where the 99 number of potential sites of methylation in the genome are significantly greater than in the CG 100 context. Furthermore, HOME has the functionality to identify DMRs in time-series data to 101 accurately identify temporal changes in DNA methylation state. A detailed comparison of 102 HOME with the most commonly used method, DSS, and a recently developed method, Metilene, 103 demonstrates that HOME achieves high performance on both simulated and biological data.
104
HOME outperforms both DSS and Metilene by predicting more accurate DMR boundaries and 105 having lower false positive and false negative rates.
106

Methods
107
The method developed here approaches the problem of DMR identification from the perspective 108 of binary classification in machine learning, classifying a region as DMR or non-DMR using a
109
Support Vector Machine (SVM) classifier [35] . Features that distinguish the DMRs from non-
110
DMRs are used to train the classifier for automated prediction of DMRs in unseen datasets.
111
Successful employment of a supervised or semi-supervised learning algorithm requires access to 112 a high quality training dataset. Due to the lack of a biological dataset with known DMRs and 113 non-DMRs, we generated a training dataset using publicly available DNA methylomes and Therefore, differential ATAC-seq peak locations between treatment groups can be used to 119 determine locations of potential DMRs, allowing selection of a training set based on orthogonal 120 data. Similarly, highly expressed genes are often associated with low methylation levels and 121 silenced genes are often associated with high methylation levels. Consequently, differentially 122 expressed gene locations between treatment groups can be used as potential locations of DMRs.
6
The regions excluding the differential ATAC-seq peaks or differentially expressed genes can be 124 used as potential non-DMRs.
125
Training data generation 126 We used publicly available WGBS DNA methylation data along with available complementary 127 ATAC-seq or RNA-seq data generated from the same biological samples to construct the 128 training data [36] . We produced two training datasets, for CG and CH methylation contexts, as select robust and accurate training data, we used the differential ATAC-seq peaks that exhibit 133 high average methylation difference (>0.3) and that were within the size range of 500 -2500 bp.
134
For non-DMRs, we used regions excluding the non-differential ATAC-seq peaks and that exhibit 135 low average methylation difference (<0.1). Furthermore, we only selected the non-DMR regions 136 that lie within the size range of 500 -2500 bp. Note that while we perform the filtering of the 137 ATAC-seq peaks to obtain more confident DMRs and non-DMRs for the training set, it does not 138 bias the training set in recognizing the DMRs and non-DMRs of any particular size or pattern.
139
This is because the cutoffs are applied at the region level on the entire differential and non-140 differential ATAC-seq peaks and we use all the individual cytosines within the selected regions larger than , then that cytosine will have zero contribution.
212
Next, for a given cytosine, a histogram feature is computed by using and v for each 213 cytosine in the window. More specifically, defines the bin of the histogram in which the 214 contribution will be placed and v defines the value of that contribution. Subsequently, the 215 histogram feature vector is normalized such that the feature vector sums to unity.
216
The schematic of the method described above is illustrated with an example DMR and that correspond to higher methylation differences ( Figure 1I ). In contrast, DMRs exhibit higher 222 differences in methylation level and have consistently higher mean for bins that correspond to 223 higher methylation differences ( Figure 1I can be used instead of linear SVM without any significant changes to the proposed method.
237
Testing and DMR prediction on new datasets
238 HOME requires input files containing basic information of methylation, including chromosome 239 numbers, genomic coordinates, type of cytosine (CG, CHG, CHH), and mc and t for cytosines. is shown in Figure 1J . Here, we independently applied HOME to both CG and CH contexts, and 267 compared its performance to two other commonly used DMR finders, Metilene and DSS, using 268 both simulated and biological data. Furthermore, we also show that HOME can be used for time-
269
series DMR analysis on biological data.
270
Results and discussion
271
Analysis of simulated DNA methylation data
272
The DMRs were simulated using the approach reported by Dolzhenko and Smith [24] . For 273 generation of simulated data, we utilised the read coverage and CG site distribution from WGBS 274 datasets of neuronal and non-neuronal cell types [5] . Only the methylated reads in the actual
275
DNA methylation data were replaced by the simulated reads, generated using the beta-binomial 276 distribution from the work of Rakyan et al. [40] , as followed by Dolzhenko and Smith. Equal taken from WGBS datasets of neuronal and non-neuronal cell types [5] . For both settings, the 284 methylation level of cytosine sites in DMRs were generated from a beta distribution of (6,1.5)
285
and a beta distribution of (1.5,6) for the two treatment groups, respectively. For the first setting Figure 3A) , despite equivalent DMR merging parameters being used for each finder sites immediately inside and outside the DMR boundary is shown ( Figure 3C ). The mean 357 methylation level difference for the boundary CG site and CG sites inside the DMRs is higher for 358 HOME than DSS and Metilene ( Figure 3C ), while the mean methylation level difference for the 359 CG sites immediately outside the DMR boundaries is lower for HOME as compared to DSS and
360
Metilene. This demonstrates the higher DMR border detection precision of HOME on real 361 biological datasets, as also observed for the simulated WGBS data ( Figure 2B ).
362
A more detailed comparison of the DMRs uniquely predicted by each finder showed that DMRs uniquely identified by HOME consistently had a higher methylation level difference for 364 the CG sites located within the DMRs ( Figure 3D ). In contrast, DMRs uniquely predicted by 365 DSS and Metilene consistently had a lower methylation difference for the CG sites within the 366 DMRs. Furthermore, the boundaries of the DMRs identified by HOME are more precise 367 compared to DSS and Metilene ( Figure 3D ). Figure 6A & B). In addition, DMRs identified by HOME in the shuffled data were smaller and representative genomic region showed that the CH DMRs predicted by HOME between neurons
416
(NeuN+) and glia (NeuN-) were regions of contiguous hyper-or hypo-methylation ( Figure 4A ).
417
The directionality of the DMRs (hyper/hypo) are defined with respect to NeuN+ cells. We analysis using GREAT showed that these DMRs were located in genomic regions related to 426 neuronal development and function ( Figure 4C ), suggesting that the HOME CH DMRs are 427 biologically relevant.
428
To assess the generalizability of HOME performance for species that have very distinct low just outside the DMRs for HOME ( Figure 5B ). In contrast, DMRs predicted by DSS showed 446 similar mean and standard deviation of methylation level difference both inside and outside the 447 DMR boundaries ( Figure 5B ). These results indicate more accurate boundary prediction by 448 HOME for all contexts. Similarly, genome browser screenshots exemplify how HOME DMRs 449 are more precise than DSS DMRs for all contexts (Supplementary Figure 7) .
450
Furthermore, the heatmaps of DMRs predicted uniquely by HOME exhibit more accurate 451 boundaries than DSS for all sequence contexts ( Figure 5C ). We further examined the genomic 452 distribution of the DMRs uniquely predicted by HOME and DSS. Over 60% of HOME CG DMRs by HOME and DSS, for CG, CHG and CHH contexts.
483
Long TE (>1 kb) Short TE (<1 kb) DMR finders CG CHG CHH CG CHG CHH HOME 6% 69% 13% 0.9% 34% 8% DSS 13% 3% 12% 2% 0.3% 4%
Runtime
484
The run time for HOME, DSS and Metilene for all the analysis in section 1.1 is summarized 485 below. For DMR identification between neuronal cell types (EX and PV) in the CG context, both
486
DSS and HOME showed very similar run time (~2 hours), while Metilene completed in ~4 min.
487
Because of a high computational runtime requirement for both DSS and Metilene for the CH 488 context analysis, the run did not complete after 12 days of execution and had to be terminated,
489
being deemed an unfeasible analysis to undertake with compared methods given reasonable 490 timeframes for analysis. Therefore, the results for DMR identification in the CH context (Section 491 1.1) are only shown for HOME (runtime: 4 days). For the plant dataset, HOME took 12 min to 492 predict CG DMRs compared to 27 min for DSS. For the CHG context DMRs, both HOME and
493
DSS showed similar execution times of 27 min, while HOME was >3 times faster compared to 494 DSS for DMR prediction in the CHH sequence context, taking 2 and 7 hours, respectively.
495
Overall, HOME showed similar or better execution times compared to DSS and Metilene,
496
particularly for non-CG context. 
Time-series differential methylation analysis
498
An additional feature of HOME is the ability to predict DMRs in time-series data. The HOME 
512
We tested the performance of HOME on another time-series dataset of mouse embryonic in Figure 6 , show that HOME is able to identify DMRs with gradual methylation changes 516 effectively.
517
Conclusions
518
Here we present a novel histogram of methylation based machine learning method to detect
519
DMRs from single nucleotide resolution DNA methylation data. Our method treats the problem 520 of DMR detection as a binary classification problem and requires a high quality training dataset.
521
Due to the lack of a biological dataset with known DMRs and non-DMRs, we generated our own 522 training dataset using publicly available DNA methylomes and complementary datasets such as 523 differential ATAC-seq peaks or differentially expressed genes. HOME showed more accurate
524
DMR prediction and precise DMR boundary identification compared to both DSS and Metilene.
525
The key features of HOME are: (i) novel histogram based features which combines important 526 information such as methylation level difference, measure of significance for the difference in 527 methylation, and distance between neighbouring cytosines; (ii) a robustly trained model that is 528 effective for a wide variety of species; (iii) a flexible method that can be used for prediction of 529 DMRs in both CG and CH contexts with high border accuracy; and (iv) a tool that can identify
530
DMRs in time-series data.
531
The most important qualities of any DMR finder are accurate prediction of DMR 532 boundaries and low number of spurious DMRs (false positives). HOME outperforms both DSS
533
and Metilene in both of these measures. One of the reasons underlying the low false positive rate 534 of HOME is the use of biological training data for DMRs and non-DMRs to train the classifier.
535
In addition, the histogram based features can robustly discriminate between DMRs and non- demonstrating its versatility. However, if users wish to retrain the HOME model on their own 548 data, it can easily be done from the approach mentioned above (see Methods section).
549
Finally, another standout feature of HOME is the prediction of DMRs in time-series data. 
